A data-driven approach for maximization of methane production in a wastewater treatment plant is presented. Industrial data collected on a daily basis was used to build the model. Temperature, total solids, volatile solids, detention time and pH value were selected as parameters for the model construction. First, a prediction model of methane production was built by a multi-layer perceptron neural network. Then a particle swarm optimization algorithm was used to maximize methane production based on the model developed in this research. The model resulted in a 5.5% increase in methane production.
INTRODUCTION
Anaerobic digestion is widely used to treat sludge in many municipal wastewater treatment plants around the world. It involves a process in which microorganisms break down biodegradable waste in the absence of oxygen (Marchaim ; Lettinga ) . As a result of anaerobic digestion, methane and carbon dioxide rich biogas are produced. The biogas can then be used to generate electricity or heat.
Biological, chemical, and physical reactions are involved in the anaerobic digestion process (Batstone et al. ) . Owing to the complexity of the anaerobic process, building formal models is a challenge. The models presented in the literature are usually non-linear and non-stationary with restrictive assumptions that may not hold in practice (Mailleret et al. ) .
Numerical studies on comprehensive anaerobic digestion models for prediction and optimization (Schubert et al. ; Tay & Zhang ; Sotemann et al. ) have been reported in the literature. Data-mining algorithms such as neural networks have shown success in building models of the anaerobic digestion process. An adaptive neuro-fuzzy inference system was applied for modeling anaerobic digestion of primary sludge in a wastewater treatment plant (Cakmakci ) . The model satisfactorily predicted effluent volatile solid and methane yield. Holubar et al. () applied several feed-forward back propagation neural networks to model and subsequently control methane production in anaerobic digesters. Gas composition, methane production rate, pH, volatile suspended solids and other parameters were measured and simulated to determine the best feeding profile.
Data mining is a powerful tool to analyze data in scientific and engineering applications, such as bioinformatics, manufacturing, and wind energy (Braha ; Frank et al. ; Kusiak et al. ; Seckin ) . Evolutionary computation algorithms are widely used to solve complex, linear and non-linear optimization problems. Successful applications of evolutionary computation algorithms have been reported in engineering, marketing and science (Dasgupta & Michalewicz ; Rud ; Thiele et al. ) .
In this paper, methane production is maximized with a data-driven model derived by a multi-layer perceptron (MLP) neural network. To maximize methane production, particle swarm optimization (PSO) is employed to find optimal solutions for control variables and other uncontrollable variables. The model and the maximization results are then discussed in detail.
METHODS

Data and parameter description
The data used in this research was collected at the Des Moines Wastewater Reclamation Facility (WRA), located in Des Moines, Iowa. WRA is designed to recycle wastewater from 16 municipalities, counties, and sewer districts.
The WRA includes three complexes to process sludge and produce methane. Each of the complexes has two anaerobic digesters that are 115 ft (35.05 m) in diameter, 29.5 ft (8.99 m) for side water depth and 15 ft (4.57 m) for cone depth. The sludge is delivered to the digesters after being mixed in sludge-blending tanks. break down sludge and produce methane and carbon dioxide, which is first stored in a gas sphere with 141,260 cubic feet (4,000 m 3 ) of capacity to meet peak usage demand, and then are delivered to gas generators to produce electricity. The heat generated in the gas combustion is used to maintain the temperature of the sludge heat exchangers and also heat plant buildings in the winter season. A flow chart diagram of the anaerobic digestion at WRA is shown in Figure 1 . The methane production data used in this paper was from daily samples taken over the period from 1/2/2008 to 12/31/2010. As some data points involved errors, e.g. out of range values, the dataset was preprocessed. The processed dataset included 724 data points and it was divided into training and test sets. The training set was from 1/2/ 2008 to 3/31/2010, and it included 576 data points to build the prediction model. The test set from 4/1/2010 to 12/31/2010 contained 148 data points and it was used to test the developed model. The dataset descriptions are provided in Table 1 .
Although the original dataset included 11 parameters, some of them were removed as they did not have obvious influence on the methane production. In this research, digester temperature, volatile solids, total solids, detention time of sludge, pH value and methane production were selected to build a prediction model. At WRA, digester temperature and volatile solids fraction are controllable, and other parameters are uncontrollable variables. The list of parameters with their ranges is shown in Table 2 . The methane production model involving the selected parameters is expressed in Equation (1).
Temperature is the most important variable affecting the rate of digestion and methane production. Even though anaerobic microorganism communities can endure temperature ranging from below freezing to above 135 W F (57.22 ters. To increase methane production, the digester must be kept at a consistent temperature, as rapid changes will disturb bacterial activities. This is also the reason why most anaerobic digesters require some level of insulation or heating which will generally increase methane production in cold seasons. The total solids in wastewater is another variable influencing methane production. The concentration of total solids has an impact on the effectiveness of the microorganisms in the decomposition process during anaerobic digestion. Igoni et al. () found that methane production increased when the percentage total solids of waste increased. A statistical analysis showed that the former was a power function of the latter, and there was a point where no further increase in the methane production would be obtained when the percentage of total solids kept increasing. The volatile solids in wastewater are measured as the total solids, excluding the ash content, as obtained by complete combustion of the feeding waste. They contain the biodegradable volatile solids and refractory volatile solids. The former is useful in estimation of the biodegradability of the waste and the latter is not easily degraded by microorganisms, so volatile solids concentration affects both methane production and the composition quality.
Detention time is a critical element in control of the anaerobic process. As the methane formers are slower to grow and are sensitive to changes in the operation conditions, a short detention time results in sludge being washed out of the digester. A longer detention time allows the creation of a buffering alkalinity to form and stabilization of the microorganism environment.
Anaerobic microorganisms, especially methanogens, are sensitive to pH in the digester and their growth can be inhibited by acidic conditions. The pH value for anaerobic digestion usually varies between 5.5 and 8.5. At an early stage of digestion, acetogenesis can lead to accumulation of large amounts of organic acids resulting in an acidic environment with a low pH value. When digestion reaches the late methanogenesis stage, the concentration of ammonia rises and the pH value may exceed 8.
The prediction accuracy of the model built by the multi-layer perceptron neural network is measured with five metrics, the mean absolute percentage error (MAPE), the fractional bias (FB), the root mean square error (RMSE), the normalized mean square error (NMSE), and the coefficient of determination (R 2 ) shown in Equations (2)- (6).
where y ⌢ i is the predicted value obtained from the model, and y i is the actual value measured at the WRA. y ⌢ m and y m are the mean of predicted and observed values respectively, and N is the number of test data points.
Development and validation of the prediction model
The multi-layer perceptron (MLP) neural network involves multiple fully connected layers. Except for the input nodes, each node is a neuron with a non-linear activation function. MLP utilizes a supervised learning mechanism, called back propagation, for training. MLP is a modification of the standard linear perceptron able to distinguish data that is not linearly separable (Cybenko ) .
Dataset 1 and dataset 2 of Table 1 were used to train and test the MLP neural network model. In all, 2000 single hidden-layer neural networks were trained. The number of Methane production, scf/day (m 3 /day) 72,000 (2,038) 1,032,000 (29, 223) neurons in the hidden layer varied from 3 to 22. Table 3 summarizes the best performing neural networks. To measure the model accuracy, the sum of squared error (SSE) is used in this paper. The SSE is the sum of the squared difference between the target and actual output values on each output unit (Braha ). The BroydenFletcher-Goldfarb-Shanno (BFGS) algorithm (Bonnans et al. ) was used to minimize SSE while building each neural network model. The iteration number of the BFGS algorithm ranged between 18 and 83 as shown in the third column in Table 3 . Multiple non-linear hidden and output activation functions, including identity, logistic, tanh, and exponential, were used for the neurons. The activation functions used in the models are listed in Table 3 . The MLP neural networks successfully identify the non-linear relationship between the process variables as demonstrated with the low validation errors shown in Table 3 . Figure 2 shows the observed and MLP 5-4-1 predicted values of methane production. Most methane production patterns and peaks were clearly recognized by the model with a few exceptions of extreme high and low observed values, such as high point 110, and extreme low points 17, 70, 121 and 147. A reason for the discrepancy may have been because of noise in the data sampled.
Performance of the MLP neural network derived model has been compared with the adaptive neuro-fuzzy inference system (ANFIS), multiple linear regression, and multiple non-linear regression models. The comparative results in Table 4 demonstrate that the prediction model built by the MLP neural network offers better prediction accuracy than the other models. Specifically, the mean absolute percentage error of the constructed model is 0.1. This error expresses the relative accuracy of the model. Fractional bias at 0.01 indicates a satisfactory agreement between the predicted and the observed value. The root mean square error of the model is 92120, which is a large number, however, the value of the methane production could be larger than 1,000,000 scf/day (28,317 m 3 ). A relatively small difference between predicted and observed value causes a large root mean square error. Normalized mean square error expressing the normalized average of the square error is 0.01 for the built model. The coefficient of determination value 0.98 indicates a high correlation between the predicted and observed values. 
Maximization of methane production
The MLP neural network model is used to maximize methane production. Since only temperature and volatile solid fraction can be controlled at the WRA, they are used as the decision variables. The digester temperature is constrained in the range 90 W F (32.22
and the volatile solid fraction varies from 65 to 85%. The digester temperature and the volatile solid fraction ranges are decided based on the operating practice at WRA. The single objective model maximizing methane production is expressed in model (7).
subject to:
where f is the objective function represented by the model built in Section 3. The description of the five input variables used in model (7) is included in Table 2 .
Solving the methane production model is a challenge. Heuristic search algorithms like greedy search (Feo & Resende ) and evolutionary computation algorithms such as genetic algorithms (Deb et al. ) are the available choices. Particle swarm optimization (PSO) is a stochastic optimization algorithm (Kennedy & Eberhart ) . The development of PSO was inspired by the social behavior of birds flocking or fish schooling. PSO has been successfully applied in many research and application areas. It has been demonstrated that PSO produces better results in lower computational time compared with other algorithms. Therefore, PSO algorithm was applied in this paper to solve model (7).
The standard PSO algorithm shown in Figure 3 is presented next.
Step 1: Randomly initialize n particle positions x i ∈ R n and velocities s i ∈ R n .
Step 2: Evaluate fitness value f i using current particle positions; f b i is the best fitness value for particle i, and f g is the global best value for all particles. Parameter p b i is the best individual particle position, and p g is the global best position for all particles.
Step 3: Update all particle velocities s i
Step 4: Update all particle positions x i
Step 5: Update fitness value f b i and f g
Step 6: If the stopping condition is satisfied, then f g is the final optimal solution with the particle position p g . Other-
wise, return to step 3 to start next iteration. Here, the dimension for each particle's position x i and velocity s i is 2. The first element of x i refers to the decision variable of the digester temperature and is drawn from uniform distribution U (90, 105). The second element of x i refers to the decision variable of volatile solids and is drawn from uniform distribution U (65%, 85%). At the beginning, s i is initialized as 0; c 1 and c 2 are cognitive and social parameters, they are set as 2 in this paper; r 1 and r 2 are random numbers between 0 and 1.
RESULTS AND DISCUSSION
The dataset 2 in Table 1 was used to solve model (7) with the PSO algorithm. In each iteration, the trained MLP neural network is used to predict the methane production based on controllable and uncontrollable variables. Then the PSO algorithm determines the best fitness value (here methane production) by determining the settings of controllable variables (here digester temperature and volatile solids fraction). The initial parameters of the PSO algorithm are as follows: the population size is 50 and the maximum number of iterations is set at 20.
To obtain a stable production of methane, unchanged operational conditions for a period of time are preferable, e.g. a full season; see Figure 4 for the optimization results. Under the operational conditions in which digester temperate is set to 102.5 W F (39.12 W C) and volatile solids fraction is set to 80%, the methane production can be improved by 5.5%. The increased methane production is due to the optimization of controllable settings based on the prediction model in Equation (1). It can be seen that the computed methane production is usually larger than the observed values. Moreover, the production for the test period shows less variability than the actual values, which have very large differences on a daily basis. The stable output is beneficial for the anaerobic digestion process and plant operations. An increase in the digester temperature results in more complete destruction and decomposition of sludge, thus increasing methane production. However, since the required temperature has to be maintained during cold seasons by burning part of the methane produced to heat the digester, a tradeoff between the energy for heating and the temperature maintenance of the digester leads to maximization of the methane production. This multi-objective model deserves investigation to produce optimal operational conditions.
The concentration of volatile solids is also a factor impacting methane production. It has been observed that a higher volatility of solids results in higher methane production if the temperature remains stable. Since the volatile solids concentration at WRA is high (up to 85%), it is expected that such a concentration should increase methane production. Further studies and experiments are recommended to investigate if there is an upper limit at which methane production will not increase even if the volatile solids concentration keeps increasing.
CONCLUSION
In this paper, a data-driven approach to maximize methane production in a wastewater treatment plant was presented. Controllable variables, temperature, volatile solids, and uncontrollable variables, total solids, detention days, and pH value were selected to build a prediction model for methane production with a multi-layer perceptron neural network approach. To maximize methane production, a single-objective maximization model was formulated and solved with a particle swarm optimization algorithm. Optimal operational conditions were obtained in response to uncontrollable variables. The maximization results demonstrated that methane production increased by 5.5%. with the values of the optimized variables being the digester temperature of 102.5 W F (39.12 W C) and the volatile solids fraction of 80%. It is recommended that further study should focus on optimizing trade-offs between digester temperature and the energy used to heat it. Examining the upper limit for volatile solid concentration is another area to be investigated. The optimal operational conditions obtained from this research were recommended for testing and validation in a wastewater treatment plant.
